Abstract--A critical aspect in the problem of inductive inference is the number of examples needed to accurately infer a Boolean function from positive and negative examples. In this paper we develop an approach for deriving a sequence of examples for this problem. Some computer experiments indicate that, on the average, examples derived according to the proposed approach lead to the inference of the correct function considerably faster than when examples are derived in a random order.
INTRODUCTION
One of the most critical problems in the development of rule-based systems is that of learning. Learning is the main property which characterizes intelligent behavior in a system. This is due to the belief that any intelligent system should be able to improve its performance over time. However, very often knowledge about real life situations is erroneous and incomplete. In such cases a learning mechanism can utilize feed-back and try to improve the performance of the system.
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For these reasons, learning from examples has attracted the interest of many researchers in recent years.
In the typical learning problem of this type, both positive and negative examples are available and the main goal is to determine a Boolean expression (that is, a set of logical rules or clauses) which accepts all the positive examples, while it rejects all the negative examples. This kind of learning has been examined intensively in the last years (see, for instance, [1], [2] , [3] , [4] , [5] , [6] , and [7] ). Typically the rule base of a system is expressed as a Boolean function either in the conjunctive normal form (CNF) or in the disjunctive normal form (DNF) (see, for instance, [8] , [9] , [10] , [11] , [12] , [13] , [14] , [3] , [15] , and [16] ).
A considerable amount of related research is today known as the PAC (Probably Approximately
Correct) learning theory (see, for instance, [7] , [17] , and [18] ). The central idea of the PAC model is that successful learning of an unknown target concept should entail obtaining, with high probability, a hypothesis that is a good approximation of the target concept (hence the term: probably approximately correct). The error associated with the approximation of the target concept is defined as the probability that the proposed concept (denoted as h) and the target concept (denoted as c) will disagree on classifying a new example drawn randomly from unclassified examples. Later in this paper this notion of error is used frequently and is related to another concept used extensively in this paper called accuracy rate. The hypothesis h is a good approximation of the target concept if the previous error is small (less than some quantity ,, where: 1 > , > 0).
In the same framework of thought, a learning algorithm is then a computational procedure which takes a sample of random positive and negative examples of the target concept c and returns a hypothesis h. In the literature a learning algorithm A is a PAC algorithm if for all positive numbers , and * (where: 1 > ,,* > 0), when A runs and accesses unclassified examples then it eventually halts and outputs a concept h with probability at least 1 -* and error at most , [19] .
Conjunctive concepts are properly PAC learnable [7] . However, the class of concepts in the form of the disjunction of two conjunctions is not properly PAC learnable [5] . The same is also true for the class of existential conjunctive concepts on structural instance spaces with two objects [20] . The classes of k-DNF, k-CNF, and k-decision lists are properly PAC learnable for each fixed k [15] , [21] , but it is unknown whether the classes of all DNF, or CNF functions are PAC learnable [18] . Note that the present paper deals with Boolean functions in CNF or DNF form. Therefore, the learning algorithms used later in this paper in conjunction with the proposed guided learning approach are not known whether they are PAC learnable. Also, 3 Mansour in [22] gives an n O(loglogn) algorithm for learning DNF formulas (however, not of minimal size) under a uniform distribution using membership queries.
Besides improving the performance of an existing system, a learning mechanism can assist in creating the initial rule base. That is, it can assist in the knowledge acquisition phase. By asking the human expert a short sequence of key questions, we hope that the rules of a rule-based system can be configured accurately and efficiently.
In the context of this paper these questions refer to the classification of examples. That is, the human expert is presented with a new example, one at a time. Then, the (also called "oracle" in the literature) expert is asked to classify this example either as positive or as negative. Although the rules may not be explicitly known to the expert, it is assumed that the expert can classify new examples correctly (an example is positive if it satisfies all the rules, otherwise it is negative). The inductive inference problem is to derive the "hidden" rules (also called the "hidden logic" system) from the classifications of sampled examples.
The problem examined in this paper is how to derive new examples. It is assumed that two initial sets of positive and negative examples are given. Since these initial sets are a small sample of all the possibilities, new examples may be required. An effective sequence of new examples should be able to lead to the accurate inference of the "hidden logic" system by considering relatively few new examples. This paper is organized as follows. The following section describes some definitions and terminology.
The third section sets forth a rigorous problem definition. Sections 4, 5, and 6 illustrate the proposed methodology for deriving new examples. Section 7 presents some computational results. Finally, the last section summarizes the main points and conclusions of this paper.
SOME DEFINITIONS AND TERMINOLOGY
In this section we introduce some terminology. Let {A 1 , A 2 , A 3 , ..., A t } be a set of t Boolean predicates or atoms. That is, each A i (i=1,2,3,...,t) can be either true (denoted by 1) or false (denoted by 0). Let F be a Boolean function over {A 1 , A 2 , A 3 , ..., A t }. That is, F is a mapping from {0,1} In the previous paragraphs, a Boolean function F is assumed to be of any form. However, in propositional calculus it is convenient to represent Boolean functions using the conjunctive normal form (CNF) or the disjunctive normal form (DNF). Peysakh in [23] describes an algorithm for converting any Boolean expression into CNF.
A Boolean expression is in CNF form if (where a j is either A j or Ā j ):
Similarly, a Boolean expression is in DNF if it is in the form:
Since the rule base of any expert system contains a finite selection of rules and any rule can be reduced to clausal form [11] , it follows that any propositional rule base can be expressed as a finite set of disjunctions (clauses in CNF form). Therefore, we can assume that any such system is in CNF form.
3.
Problem Description.
At this point suppose that there exists a "hidden logic" system. That is, there is a system which we would like to infer from collections of positive and negative examples. Although we cannot explicitly identify the rules of the "hidden system", it is assumed that it is possible to correctly classify any new examples according to these rules. This can occur, for instance, by interviewing a human expert.
To help fix ideas, suppose that the following represents the "hidden logic" system:
This system is considered to be unknown to the user. By user we mean here the person (or another computer These are the examples which an expert has already classified.
Given the above examples, we want to determine a set of clauses (i.e., a Boolean function) which correctly classify the previous examples.
An early definition of the clause inference from examples problem was given Bongard in [24] (the original book was published in Russian in 1967). Some recent developments can be found in [25] , and [3] . In [25] an algorithm which infers CNF systems from positive and negative examples is developed. In that approach, CNF clauses are generated in a way which attempts to minimize the number of CNF clauses that constitute the recommended CNF system. The strategy followed there is called the One Clause At a Time (or OCAT) approach and was combined with a branch-and-bound algorithm. A new and more efficient branchand-bound algorithm is described in [26] .
Another related algorithm is presented in [3] . This algorithm formulates the clause inference problem as a clause satisfiability problem. In turn, this satisfiability problem is solved by using an interior point method proposed by Karmakar and his associates in [27] . Furthermore, by applying the second algorithm iteratively it is possible to determine a DNF system of minimum size (i.e., of minimum number of conjunctions).
When the OCAT approach is applied on the previous E + and E -sets of examples, the following CNF system is derived (we call it system S SAMPLE to emphasize that the rules have been derived from sampled data):
(1.1)
In [28] it is demonstrated that any algorithm which infers a CNF (or DNF) system from examples can also infer a DNF (or CNF) system by performing some simple transformations on the original data. Furthermore, some ways for solving large scale clause inference problems are discussed in [29] . The proposed system (1.1) may or may not be a good approximation of the "hidden logic" system. Recall that any sampling process is subject to random variation.
Suppose that the user can supply the expert with additional examples for correct classification. Then, the main problem examined in this paper is how to generate the next example. One obvious approach is to generate the next example randomly. However, this may result in generating many examples and still not achieving a good approximation of the unknown system. It is obviously desirable to consider a sequence of new examples which can lead to a good approximation of the unknown system as quickly as possible.
When a new example is considered, it is given to the expert for the correct classification. Two situations can occur. First, the current Boolean function (which is attempting to represent the unknown "hidden logic")
classifies the new example in a manner identical with the expert (who always correctly classifies each example).
In the second case, the new example is classified in the opposite way by the expert and the current Boolean function. If the current Boolean function is not yet a good approximation of the "hidden logic", then the last case is the most desirable scenario. This is true, because in this case one can re-execute a clause inference algorithm (for instance, the OCAT approach) again and, hopefully, derive a closer approximation of the unknown system.
If the current version of the Boolean function is an inaccurate approximation of the "hidden logic" and one generates new examples which fail to reveal any contradictions, then additional costs are incurred in classifying new examples, but no improvement is gained. Clearly, it is desirable to use a strategy for determining the next example, such that any possible contradiction between the current version of the Boolean function and the "hidden logic" will surface early in the interviewing process. The next section presents the development of such a strategy. [3] , [25] , [26] , and recently in [30] ). When the proposed guided learning strategy is applied, then the derived system will be denoted as S GUIDED . Also, define S HIDDEN as the "hidden logic" Boolean function and S ¯H IDDEN as the complement of S HIDDEN . Hence, if S HIDDEN is
THE PROPOSED APPROACH
Our objective is to sequentially modify and improve S GUIDED so that
where additional examples are generated and included either in E At a Time) procedure described in [25] and in [26] is one strategy for determining S GUIDED . However, an algorithm such as OCAT could also be applied to a type of dual problem, i.e. a problem in which the positive examples are treated as negative and vice-versa. Let S R-GUIDED be a Boolean function generated when the k examples are assigned reverse truth values. That is, the positive examples are treated as negative and the negative examples as positive. In this manner, S R-GUIDED would be an approximation to S ¯H IDDEN . If, indeed
for all examples v. However, in general for k < 2 t one should expect that examples will exist for which the sum in (4.1) will be 0 or 2, i.e. some example v will be classified either as negative (sum is equal to 0) or as positive (sum is equal to 2) by both Boolean functions. Such an example is the key to our approach. The existence of such an example means that exactly one of our two example generated Boolean functions (i.e., S GUIDED and S R-GUIDED ) is in error. Either S GUIDED or S R-GUIDED must be modified to correctly classify the new example. These observations are summarized in the following theorem: The clause satisfiability problem has been examined with considerable success [10] , and [11] . A recent development reported in [3] uses an interior point algorithm developed by Karmakar and his associates in [27] with considerable success. Also, some problem preprocessing techniques can be found in [9] .
The two satisfiability problems of interest in this paper are as follows: Determine an example v which results in a truth value TRUE for
or: Clearly, there are two factors that one needs to take under consideration. One is the cost of generating and classifying new examples. The second factor is the desired accuracy. In general, one expects that the more examples one uses to infer a set of clauses, the more accurate the inferred system should be. Therefore, it is recommended that if no inconsistency is determined for some large value of m (which value depends on the cost of classifying new examples), the process is terminated and S GUIDED is our approximation to the "hidden logic". The proposed strategy is depicted in Figure 1 , and will also be illustrated in the example described in section 6. A confidence interval on the probability that the derived system S GUIDED will disagree with the "hidden logic" can be found as follows: Suppose that S GUIDED has just been redefined when the i-th example was presented (that is, i = *E + * + *E -*). Let the number of disagreements between S GUIDED and S HIDDEN be r.
Apparently, these disagreements are among the remaining 2 t -i (where t is the number of atoms) unclassified examples. A reasonable model of total ignorance of the outcomes (i.e., the way the remaining examples are classified) of the remaining steps is that all permutations of these outcomes are equally likely. The probability, denoted as Q r (x), of x or more additional steps without a disagreement is then:
.
Note that this probability, besides of the values of x and r, also depends on i.
Given x, then find the greatest r such that Q r (x) $ " (where " might be 0.05 to correspond to a 5% level of significance or a 95% level of confidence). This is (under the random permutation model) an upper confidence bound on r. Observe that the previous model did not consider any pattern of agreements in the i examples already classified by the "hidden logic". Therefore, it is possible to derive tighter bounds, when all issues are considered.
NUMBER OF CANDIDATE SOLUTIONS
An important issue related to this problem is to determine the number of all possible distinct systems which satisfy the requirements of two sets of examples E The above number K is extremely large even for small values of t. This value K is the size of the hypothesis space and is used in the next section to quantify the space complexity of a learning algorithm. In the next section these ideas are further illustrated via an example.
AN ILLUSTRATIVE EXAMPLE
Consider the two collections of positive and negative examples which were given in the third section.
Recall that it was assumed that the system S HIDDEN (i.e., the "hidden logic" system) is as follows:
In this illustrative example, we use the OCAT approach ( [25] , [26] ) in order to derive a CNF system from the given examples. When the OCAT approach is applied on the (E + , E -) sets of examples, the following system (Boolean function in CNF), S GUIDED , is derived:
From lemma 1 it follows that the total number of systems which satisfy the requirements of these examples (and hence, are candidates to be the "hidden logic") is 2
246
. This is an astronomically large number.
The value 246 in the previous expression is derived from: 246 = 2 8 -(3 + 7). Next, consider the system which is derived when the positive examples are treated as negative and the negative examples as positive.
When the OCAT approach is applied on the (E -, E + ) data, then the following system (Boolean function in CNF), S R-GUIDED , is derived:
The next issue to investigate is to see whether there is an example which satisfies relation (4.2a) or (4.2b).
Observe that the new example (i.e., still unclassified) (0 1 0 1 1 0 1 0) is classified as positive by both systems.
That is, this example makes (4.2b) to be true. This example can be determined by finding a feasible solution of the clause satisfiability problem formed when the two systems S GUIDED and S R-GUIDED are taken together. That is, the satisfiability problem is:
Following theorem 1, either the system S GUIDED or the system S R-GUIDED will be revised and updated. Now suppose that the expert classifies the new example as a negative example. Hence, it follows that system S GUIDED is invalid.
Next, this new example is added to the current collection of the negative examples and the OCAT approach is reapplied on the updated input data. The new (i.e., updated) version of the system S GUIDED is as follows:
Since the new example did not reveal any inaccuracies for system S R-GUIDED , this system needs no modification at this time. Observe that the new version of the system S GUIDED and the current version of the system S R-GUIDED classify all example in {0,1} 8 in exactly the opposite manner (i.e., they are the complement of each other).
Therefore, no new examples can be determined as above. As indicated earlier, this does not necessarily imply that the current version of the system S GUIDED is equivalent to the "hidden logic" system, S HIDDEN . In situations like the above, it is proposed that the next example be generated randomly. Figure 1 summarizes the main steps of the proposed guided learning strategy.
At this point it is interesting to make some additional observations. In this illustrative example the structure of the "hidden logic" system is known. Therefore, it is possible to estimate how closely the proposed system (i.e., system S GUIDED ) approximates the "hidden logic" system S HIDDEN . To accomplish this task in this Hence, if a new example is chosen at random, there is 84% chance that S GUIDED will correctly classify it.
Furthermore, when the updated version of the system S GUIDED is compared with the "hidden logic" system S HIDDEN they agree 97% of the time.
It should also be stated here that when a new example is considered and system S GUIDED is updated, the new system is not always a closer approximation of the "hidden logic". It is sometimes possible that the updated system to be a worse approximation of the "hidden logic". Hence, convergence in terms of this measure of performance is not necessarily uniform.
The size of the hypothesis space is influential in determining the sample complexity of a learning algorithm. That is, the number of examples needed to accurately approximate a target concept. The presence of bias in the selection of a hypothesis from the hypothesis space can be beneficial in reducing the sample complexity of a learning algorithm [31] , [32] . Usually the amount of bias in the hypothesis space H is measured in terms of the Vapnik-Chervonenkis dimension, denoted as VCdim(H) [33] , [34] . A well known theoretical result regarding the VCdim(H) is due to [33] and states that the sample complexity is at most:
This is better than some other bounds given in [36] . However, the previous bound is still an overestimate [18] .
The proposed strategy makes no assumption regarding the hypothesis space. In the computational experiments reported in this paper, the OCAT approach was used to infer a Boolean function from positive and negative examples. The OCAT approach has a tendency to return CNF (or DNF) functions with very few terms (i.e., disjunctions or conjunctions, respectively). Therefore, when the OCAT approach is combined with the proposed guided learning strategy, only then the hypothesis space is biased in favor of functions with small representations. That is, the proposed guided learning strategy makes no assumption regarding the hypothesis space. However, the behavior of the proposed strategy can be influenced by the nature of the algorithm used to infer the Boolean function. Why inferring functions with a few terms is desirable, is best explained in [25] and [3] .
The OCAT and SAT approaches are NP-complete (for more details see [25] and [3] , respectively). The present paper does not deal with the problem of inferring a Boolean function from collections of examples.
Instead, it examines the problem of what should be next example to be considered if one wishes to correctly infer a "hidden logic" by using a short sequence of new examples.
In this paper we do not limit the form of the target Boolean function. The OCAT and SAT approaches used to illustrate the function of the proposed guided learning strategy, do not restrict themselves in deriving k-CNF or k-DNF functions. If the restriction to derive a k-CNF or k-DNF function is imposed, then the developments are exactly the same as with the unrestricted case.
The present guided learning problem mentions the issue whether one can infer a Boolean function when a new example is considered. Obviously, a brutal force way is to solve the function inference problem from the beginning. A more efficient way is to try to devise an incremental approach in inferring a function when only one new example is introduced and the OCAT or the SAT approaches are used. For instance, this is the case in [37] where an incremental approach to the original ID3 algorithm [6] is described. Although this is an interesting issue, it is out of the scope of this paper.
SOME COMPUTATIONAL RESULTS
A number of computer experiments was conducted in order to investigate the effectiveness of the proposed strategy compared with random input learning (that is, when new examples are generated randomly).
These experiments were approached in a manner similar to the illustrative example of the previous section. At first, a "hidden logic" was generated. The "hidden logic" systems considered in this paper are based on the systems described in [3] , and [26] . The only difference is that now the logical OR and AND operators are interchanged. In this way we deal with CNF systems instead the DNF systems defined in [3] .
The systems with id names: (see also Table I ): 8A, 8B, 8C,8D, and 8E are defined on 8 atoms.
Similarly, systems 16A, 16B, 16C, 16D, and 16E are defined on 16 atoms. Finally, systems 32A, 32C, and 32D are defined on 32 atoms. Systems 32B and 32E (described in [3] ) were not considered due to excessive CPU requirements in obtaining computational results.
Each system was tested on 20 sequences of generating examples. For each such sequence initially ten examples are randomly generated and classified as either positive or negative by the expert (i.e., the "hidden logic"). Each example was a vector with t elements (t is the number of atoms). Each element was either 0 or 1 with probability 0.50. After an example was generated this way, it was classified by the "hidden logic" as either positive or negative.
Next, the OCAT algorithm was implemented to generate an initial version of S GUIDED . What followed was the iterative generation of additional examples by the two different methods; GUIDED and RANDOM. Let S RANDOM be the Boolean function generated from the initial examples and the sequence of additional examples which were generated randomly (and S GUIDED is the Boolean function generated from the GUIDED input). In general, random examples in these experiments were generated as described above. In this way, after a sufficient number of random examples is classified by the "hidden logic", the collection of the negative examples would be a representative sample of the total population of the negative examples of the "hidden logic". The same issue is also true regarding the positive examples. Therefore, the computational experiments made no assumption regarding the distribution of the examples and the proposed guided learning strategy applies to any arbitrary distribution of the examples. After each pair of new examples was generated (one from GUIDED and one from RANDOM), the updated S GUIDED and S RANDOM systems were tested for convergence to S HIDDEN .
Convergence of S GUIDED (or S RANDOM ) was assumed to have occurred if 10,000 randomly generated examples were classified correctly by S GUIDED (or S RANDOM ). This is admittedly an approximation, but our real interest is comparing the relative speed of convergence of S GUIDED and S RANDOM with S HIDDEN . The comparison is simply how many additional examples are needed to correctly classify a random set of 10,000 observations. Overall, the GUIDED strategy required on the average about 42% fewer examples than the RANDOM strategy for the entire set of 13 problems. The results for the individual problems are provided in Table I . Note for instance, that for problem 8A, the GUIDED strategy required on the average 34.85 examples to converge to a system equivalent to system 8A (used as the "hidden logic"). The same number under the RANDOM strategy is 59.55. Table I also presents the MIN, MAX, and standard deviations of the gathered observations. Table I .
It is also evident that strategy GUIDED outperformed, in almost all cases, the RANDOM strategy. Given a set of data, the derived system S GUIDED and a new example, the new proposed system may or may not be more accurate than its previous version. This depends on two factors: (1) on what is the approach used to infer the proposed system and (2) on the particular data. This is best described in the following illustrative example. Comparisons between systems S HIDDEN , S GUIDED , and S R-GUIDED when new examples are considered ( system S HIDDEN is: ).
Suppose that the target function is: (i.e, system 8B). Let the two When OCAT is used on the previous data, then S GUIDED is: and S R-
GUIDED is: When system S GUIDED is compared with the "hidden logic"
system, then the derived accuracy is 0.95. Let (1 1 0 1 0 0 1 1) be the next example to consider.
It can easily be observed that this example is classified identically (e.g., as positive) by both the previous two systems. Next, this example is also classified by the "hidden logic", and a contradiction between the proposed system and the "hidden logic" is revealed. Therefore, the set of negative examples is augmented by that example, and the OCAT approach is used again to derive the new version os system S GUIDED . The updated system is:
The corresponding accuracy rate is 0.77, which is smaller than of the accuracy of the previous proposed system (although more examples are used as input). A similar situation is also depicted in Figure 3 .
In this figure the curve which corresponds to the guided strategy illustrates this phenomenon. Note that when the number of examples is 19, there is a valley in this curve. It should be stated here that in these experiments no satisfiability formulation was used in the GUIDED strategy in order to accomplish the task of finding the next example. Instead, randomly generated examples were used to find an example which would be classified identically by the two systems S GUIDED and S R-GUIDED . This was done for the sake of simplicity in order to keep CPU requirements low.
As it can be seen from the results in Table I , the guided input strategy was superior to random input strategy almost all the time. Only in the cases of systems 8E and 32E this was not the case. As it was anticipated, most of the time, the guided input learning strategy required considerably less examples in order to correctly infer a "hidden logic". We transferred the data into the equivalent binary data and performed a series of computational experiments as follows. At first a 10% random collection of the original data was considered. Next, we generated the next example by using random input and also by using guided input (in two independent scenarios as before). That is, we applied an experimental procedure as with the previous experiments. However, now there is no "hidden logic" available, and thus we compared the accuracy of the derived systems in terms of how well they classified the remaining of the data (which were used as the testing data). For each experiment we used 50 random replications of it. The results of these tests are summarized in Table II and are also depicted in Figures 4.a and 4 .b. In these results both the number of derived rules and the accuracy rates were recorded.
As it can be easily verified from these results, once again the proposed guided strategy significantly outperformed the random input strategy. In these experiments as Boolean function inference algorithm we used the randomized heuristic described in [30] which is also based on the OCAT approach (as it best described in [25] and [26] ).
As a final comment it should be stated here that the accuracy rates in Figure 4 .b did not necessarily reach the 100% value as the percent of the training data increased, because we were not comparing the inferred systems with a "hidden logic" but with the way they classified the remaining of the available data.
An interesting issue is to try to determine a way to conclude whether S GUIDED is a close approximation to S HIDDEN . Intuitively, one expects that the closer the two systems S GUIDED and S HIDDEN become, the more apart the two systems S GUIDED and S R-GUIDED should become. One measure of the "closeness" of the two systems S GUIDED and S HIDDEN is determined by the percentage of 10,000 randomly generated examples which are classified identically by both systems.
This situation can be seen in Figure 3 . Observe that in Figure 3 the systems S GUIDED and S HIDDEN become very close to each other (the top curve converges to value 1.00) when the bottom curve (which indicates the closeness of the systems S GUIDED and S R-GUIDED ) approaches the value 0.00. This is a rather representative case and other experiments demonstrated similar behavior.
This observation suggests the following empirical test for system validation. Suppose that one has generated a number of examples and has specified the two systems S GUIDED and S R-GUIDED . Then, by using a sample of 10,000 randomly generated examples, the two systems S GUIDED and S R-GUIDED are compared in how often they agree in classifying these examples. If they agree very little (i.e., the approximation rate is very low), then it is very likely that the system S GUIDED is a good approximation of the corresponding "hidden logic".
However, if the approximation rate is very high, then it is rather unlikely that the system S GUIDED is an accurate approximation of the "hidden logic". The computational results in this paper suggest that most of the time it is possible to find an example which is classified identically by both systems. In this way, the new example reveals that one of the two systems is inaccurate. Furthermore, the same computational results reveal that, on the average, the proposed strategy is significantly more effective than random learning. That is, most of the time in our computational experiments it was possible to infer a "hidden logic" much faster when the new examples were generated according to the proposed strategy, than when the examples were generated randomly.
CONCLUDING REMARKS
An interesting issue for future research would be to expand the proposed methodology to more general situations. The present paper focused on the case dealing with propositional logic. There is no reason why the proposed methodology cannot be expanded to cover more general cases. From the previous discussions it follows that this methodology can be applied when it is possible to derive the two systems S GUIDED and S R-GUIDED .
Then, by determining as the next example an example which is classified identically by the two systems, the convergence of the proposed hypothesis to the target concept could be expedited. Clearly, more work is needed in this critical area of machine learning research.
